The use of temporary transfers, such as options and spot market leases, has grown as utilities attempt to meet increases in demand while reducing dependence on the expansion of costly infrastructure capacity (e.g. reservoirs). Earlier work has been done to construct optimal portfolios comprised of firm capacity, transfers, and the decision rules that determine the timing and volume of such transfers. However, such work has only focused on the short term (e.g. one year scenarios). Long term modeling efforts allow for the investigation of multi-year portfolios, but can greatly increase the computational burden.
INTRODUCTION
Increased scarcity of water is leading many utilities to consider the integrated management of multiple water supply alternatives, as rising costs, environmental regulations, and public opposition provide growing disincentives to large-scale water supply projects (NRC 2001) . Among these water supply alternatives are temporary water transfers, many of the uses and advantages of which having been documented (Michelsen and Young 1993; Lund and Israel 1995a; Characklis, Griffin et al. 1999; Knapp, Weinberg et al. 2003; Brown 2006) . Managing a range of water supply alternatives can be analogous to the approach power utilities use to manage a "portfolio" of production assets, delivering energy to consumers through a mix of infrastructure and market-based transfers. In both cases, diversifying the range of alternatives provides utilities with the flexibility to reduce the firm, or baseload, capacity that must be maintained in order to meet demand, an advantage that generally translates to lower costs. Some work has been done in simulating and optimizing water supply portfolios over short-term planning horizons (e.g. one-year) (Smith and Marin 1993; Lund and Israel 1995b; Watkins and McKinney 1997; Wilchfort and Lund 1997; Characklis, Kirsch et al. 2006) . While these shortterm studies provide insights into portfolio development, utilities are likely to be interested in arrangements designed to accommodate longer planning horizons, and the composition and computational approaches involved in formulating multi-year portfolios remains largely unexplored. Most of the earlier work has involved linear (LP) or dynamic (DP) programming, but simulation-based Monte Carlo (MC) methods can be used as a means of representing the uncertainty inherent in many water resource systems, as well as the probabilistic nature of the decision making (e.g. when to purchase leases or exercise options). MC methods can be particularly useful if the objective is characterized in terms of an expected value (e.g., expected As MC models increase in size and complexity, concerns over the computational burden continue to be a primary concern. This is particularly true when the MC model is linked to a search-based optimization algorithm. This study builds on previous work (Characklis, Kirsch et al. 2006) by expanding the portfolio development problem through consideration of a multi-year planning horizon. In doing so, a new methodology is applied, one designed to improve the efficiency of portfolio optimization, as it explores the composition of several different multi-year portfolios. The goal is minimizing a portfolio's expected costs, but the inherent variance in this expected value (i.e. the objective function) results in a "noisy" optimization surface (see Figure   1a ), one that is difficult for gradient-based search methods to navigate without becoming stuck in local minima. Variance in the objective function (i.e. noise) can be reduced by increasing the number of realizations on which the expected values are based. This improves the accuracy and precision of the search algorithm, but can add significantly to the computational burden.
This work applies a variance reduction technique known as the control variate (CV) method to this class of water resource planning problems (Lavenberg and Welch 1981; Avramidis and Wilson 1996) . The CV method can reduce the noise inherent in optimization surfaces based on expected values by using knowledge of how random variations in a simulation's inputs affect its outcome, and using this information to reduce the variance in simulation output. The method has been used in other areas, most notably the pricing of stock options (Boyle 1977; Johnson and Shanno 1987; Broadie and Glasserman 1996) , but always with a standalone MC simulation. In this case, it is applied within the simulation-optimization framework with the intent of characterizing its potential for improving the efficiency of searchbased optimization. This work develops water supply portfolios composed of permanent water rights, leases, and options and evaluates their expected costs and ability to meet water supply reliability goals.
These portfolios can be attractive, as leases and options provide a city with an ability to acquire water on more of an "as needed" basis, thereby reducing the volume of firm capacity (i.e. permanent rights) a city must maintain to meet demand (Young 1986; Lund 1993; Lund and Israel 1995a; Characklis, Griffin et al. 1999) . Earlier work (Characklis, Kirsch et al. 2006) combined an MC approach with an implicit filtering search algorithm (Kelley 1999) to identify portfolios which minimized expected costs while meeting constraints related to supply reliability and cost variability. The one year planning horizon considered in this study, however, is likely to be substantially shorter than that often used by utilities, but optimizing portfolios over multiyear periods can be much more computationally intensive. This highlights the need for the CV method, and the results of this work demonstrate the ability of the CV method to improve optimization efficiency. Multi-year scenarios also allow for an exploration of long-term option contracts, those which provide the purchaser with flexibility over the duration of the agreement in terms of the volume of options purchased and exercised. These contracts may be especially attractive given that they provide security while freeing the utility from the cost and inconvenience of renegotiating every year.
These results suggest that the CV method may be useful in simulation-based optimization problems across a broad range of water resource contexts. Similarly, results related to the composition of long-term water supply portfolios, including multi-year option contracts, may provide insights valuable in the formulation of water supply strategies. 
METHODOLOGY
The control variate method is first applied to the one-year hydrologic economic model developed in earlier work (Characklis, Kirsch et al. 2006) , then applied to an expanded multiyear scenario. While a detailed description of the one-year model can be obtained in the earlier paper, an abbreviated description is appropriate here. This description will be followed by an introduction to the control variate method, which is applied to the one-year model to determine its efficacy on a well-understood system. The expanded, multi-year model is then described, followed by the application of the CV method to this more complex long-term scenario.
The study region is the U.S. side of the Lower Rio Grande Valley (LRGV) in the southern tip of Texas. The primary water sources in the region are the Falcon and Amistad reservoirs, with a combined storage capacity of 5.8 million acre-feet (ac-ft), in which storage is strictly divided between the U.S. and Mexico according to the Treaty of 1944. Approximately 1600 users own rights to the U.S. portion of this storage, with the vast majority of water consumed by the agricultural sector. Municipal consumption has risen, however, from 7% to 13% of the regional total between 1970 and 2002, and this growth is expected to continue. The water supply portfolio is developed using water consumption patterns for a city of 120,000 (roughly corresponding to Brownsville, TX) that uses an average of 21,000 ac ft per year.
Historic data for reservoir inflows, losses, and storage volume are used within the model, as is price information from the regional water market.
The original model evaluates the expected cost of the city's water supply portfolio over a single calendar year (discretized to monthly time steps). The municipality has access to surface water allocated via a system of marketable water rights, and several different transfer types exist within the market. The agricultural cycle is roughly annual, and since transferred water invariably originates from irrigators, many decisions that affect the availability and price of water on the market are made just before the beginning of the year. As a result, transfers of permanent rights and purchases of options are assumed to take place on or before December 31, with spot market leases and exercised options available to augment supply over the course of the following year. Thus, the city's portfolio is composed of three different types of assets: (ii) one-year option contracts, all or part of which can be exercised on May 31 (or otherwise lapse);
(iii) spot-market leases which can be purchased during any monthly interval, but whose price varies stochastically in a manner linked to reservoir levels.
It is important to note that transfers of permanent rights require lengthy regulatory approvals, so unlike temporary transfers involving leases and options which can be approved in a matter of days, changes in the volume of permanent rights are assumed to be made only at annual In this case, two sets are defined: α 1 , β 1 for lease/option decisions made from January-May and 
where, The sum of the option price and exercise price are calculated to be risk neutral relative to the lease prices in the option exercise month using standard option-pricing theory (Black and Scholes 1973; Hull 1999) , such that the sum of the option and exercise prices is equivalent to the expected lease price on the exercise date.
In addition to evaluating the expected cost, the simulation estimates two parameters used as constraints in the optimization. Water supply reliability is defined as the probability that the utility's supply exceeds demand in any given month (thus avoiding a "failure"). The second constraint limits the cost volatility of the portfolio using a concept called the Contingent Value at Risk (CVAR), a metric used in the power industry to measure the risk of high portfolio costs, and represents the average costs of the most expensive 5% of portfolios (i.e. if 1000 annual realizations are run, CVAR represents the average of the 50 most expensive years). In this case, a constraint involves the ratio of CVAR-to-expected cost to limit annual cost variability.
The challenge of optimizing a solution surface (e.g. expected cost) characterized with high-frequency, low-amplitude noise is addressed using an approach called "implicit filtering", shown to be effective for searching surfaces that exhibit high-frequency, low-amplitude noise (Stoneking, Bilbro et al. 1991; Choi, Eslinger et al. 1999; Kelley 1999) . Given an initial point are also sampled along a descent direction extending from x 0 (and any subsequent x). From these sampled points implicit filtering moves from x 0 to the point (x) that produces the lowest functional value. The process then repeats, and as the search progresses the stencil size decreases as x progresses towards the minimum. The search terminates when the desired tolerances for first order optimality conditions are met.
Despite the ability of implicit filtering to navigate noisy solution surfaces, the noise produced by an objective function (f(x)) is detrimental to the precision and accuracy of the optimized solution. This noise can be quantified using the standard error of the mean (s.e.), defined as,
where σ is the standard deviation of f(x) and n the number of realizations. As the value of σ is intrinsic to f(x), controlling the noise associated with a MC simulation typically means controlling the number of realizations performed. However, the square root in the denominator of [2] means that increasing n has decreasing marginal returns in terms of reducing standard error. An alternative approach to reducing noise would be to reduce the variance of the function, something that can be achieved through application of the control variate method. 
Control Variate Method
The control variate (CV) method is a variance reduction technique that utilizes knowledge of how variation of stochastic input variables affects the value of the simulation output, in this case, the objective function f(x). For example, a city may wish to estimate the expected cost of transfers through MC simulation. If there exists a known correlation between the cost of water transferred (simulation output) and the volume of water stored in the city's reservoir (stochastic input variable), the reservoir storage volume may be used as a control variate. Given a known mean reservoir storage volume, deviations from its mean can be used to account for deviations from the estimated mean cost of transfers, thereby reducing the variance in the transfer costs and improving the precision of cost estimation. A more in-depth discussion of the CV method exists in the literature (Lavenberg and Welch 1981; Avramidis and Wilson 1996) , but a brief description is offered here.
If Z is a random input variable that is sufficiently correlated to model output, (f(x)), θ can be defined as the variance-reduced value of f(x) such that
where c is a scaling factor and Z is the control variate. Taking the expected value of both sides
such that θ becomes an unbiased estimator of f(x) when c is any real number. If the variance of both sides of [3] is calculated, the following is obtained:
[5]
It can be shown that if
then θ has a lower variance than f(x). Further, it can be shown that the minimum variance occurs
The reduction in variance then can be predicted with
where ρ is the correlation coefficient between f(x) and Z. 210
The control variate method can be extended to accommodate multiple control variates (Z 1 ,
Similarly, the variance of θ is minimized through the choice of optimal values for c 1 , c 2 , …, c j .
For the purpose of readability, references to the output variable f(x) in this discussion will be replaced with expected cost (Cost), the output variable (or objective function) specific to this work. Likewise, the variance reduced output variable produced by the CV method, θ, will be replaced with Cost 215 220 var , such that [3] could be rewritten as:
[10]
Application of CV Method
Selection of appropriate control variates is guided by the modeler's understanding of sources of variability in the objective function. In the example presented here, the objective function is the expected portfolio cost, Cost, and the source of the variability in the portfolio cost arises from the purchase of leases and exercise of options. More specifically, the variability can Thus, controlling for the variability in the lease price at t 0 accounts for all the cost variability that arises from leases purchased then, and the lease price at t 0 is designated as the first control variate, . 
[12]
The optimal values of c (c*) in [12] are not known a priori and will change with different decision variables and initial conditions. Therefore, values for and are estimated for each new set of conditions using a pilot study, involving a very limited number of realizations that produce correlations between the control variates and Cost. 
Expansion to Multi-Year Model
A multi-year simulation allows temporary transfers, particularly option contracts, to be evaluated on a time-scale that may be more useful for water supply planners. The expanded model is designed to accommodate any number of years, and in this work a 10-year planning horizon is used.
From an optimization standpoint, the greatest change made to the simulation is reflected in the objective function, which is now represented in a multi-year form 
where k is the simulation year.
The operation of the hydrologic portion of the simulation remains unchanged from the single-year simulation with only a few exceptions. The multi-year simulation is set up to account for annual growth (r) by multiplying each demand value by the term (1 + r) 270 275 280 k-1 . In addition, the reliability constraint is modified to accommodate multiple simulation years, such that the reliability for each year within the simulation period is required to meet a minimum value. The cost variability constraint in the multi-year scenario (when it is imposed) is also redefined such that the average annual ratio of CVAR-to-expected cost must be less than a specified value.
In addition to exploring how a longer planning horizon alters optimal portfolio composition, the multi-year model presents opportunities for examining long-term option contracts, which can allow for inclusion of some interesting features. For example, an annual growth factor can be attached to the volume of options purchased each year. This growth factor can be calculated to increase in accordance with rising demand. In this case, model input is changed such that N O refers to just the number of options purchased in the first year, with subsequent years' option purchases defined as
[14]
Application of Control Variate Method to Expanded Simulation 285 290
The expansion of the model to a multi-year simulation does not change the basic operation of the model, but it does require definitive changes in how the CV method is applied.
In the single-year simulation, the objective of applying the CV method is to reduce the variance of the objective function, var(Cost), whereas in the multi-year simulation the goal is the reduction of var( ). This is accomplished by applying the CV method to each [16]
The CV method, as applied to the multi-year model, is
for k = 2, 3, …, 10.
A summary of control variates is included in Table 1. 315 320 325
RESULTS

Application of CV Method to Single-Year Model
Figures 1a and 1b illustrate the "smoothing" of the solution surface that occurs when the CV method is applied to the one-year model. Figure 1a The computational effort required to achieve optimality conditions can be measured either through the amount of work invested in the simulation (e.g. the number of realizations performed) or through the number of times the optimizer calls the simulation. In this case the number of calls to the simulation is not significantly affected when the CV method is applied.
What is observed is that application of the CV method greatly reduces the number of realizations required to achieve the same level of accuracy and precision (using the same number of calls to the simulation) as when the CV method is not used. Results obtained both with and without the CV method, show that as more computational time (i.e. realizations) is invested and noise is reduced the average optimized value is lowered. With the CV method, runs using 125 and 150 realizations result in roughly the same level of noise and same average optimized portfolio cost as the case in which twice as many realizations (300) are used without the CV method. Also notice that range of optimal values (as reflected in the error bars) shrinks noticeably as the noise is reduced, evidence that reducing noise yields an optimized solution that is improved both in terms of lower portfolio costs and greater precision. Finally, to provide a basis of comparison, two limiting test cases (one with and one without the CV method) estimate a lower bound on the gains possible through noise reduction by using 10,000 realizations.
Applying the CV method to the one-year model, Figure 4 shows optimal portfolios arising from three strategies:
-(A) Permanent rights only. This represents a "typical" case in which the city maintains a sufficient volume of rights (i.e. firm capacity) to meet its reliability objectives.
-(B) Rights and options. Demand is met through a combination of permanent rights and a long-term (10 year) option contract, which commits the city to purchase a constant volume of options each year (the number exercised will vary with conditions). 360 365 370 375 -(C) Rights, options, and leases. The city can choose from all three water supply assets to construct its portfolio.
All strategies begin with an initial reservoir volume (R 0 ) of 800,000 ac-ft and a volume of water carried over from the previous year that is equal to 0.3 ( ) of the volume of its permanent rights. As a city is unlikely to adopt a portfolio in which the firm capacity cannot at least meet demand in a typical year, all portfolios maintain a minimum 30,000 ac-ft of permanent rights, using leases and options as a hedge against extended dry periods. Further, all portfolios must meet a minimum reliability goal of 99%. As can be seen, the use of transfers significantly reduces the amount of firm capacity that must be maintained to meet reliability goals. As transfers supplant firm capacity, the expected portfolio costs are reduced, as well.
Multi-Year Portfolio Scenarios
The CV method is applied to the 10-year model to produce optimal long-term portfolios for the same three strategies as for the one-year model, plus one additional strategy ( Figure 5 ).
The initial conditions remain unchanged, but a 2% annual rate of demand growth is assumed.
Strategy A reflects the situation in which firm capacity is maintained, and the city requires nearly 50,000 ac-ft of permanent rights to meet its reliability goals at a cost of $11.2 million. Allowing options to be purchased in conjunction with owning permanent rights (strategy B), the city is able to reduce excess firm capacity and continue to meet reliability requirements, reducing its expected 10-year portfolio cost by 14%, down to $9.7 million. Further savings are realized in strategy C when leases are considered. In this case, leases and options are both utilized to ensure reliability during dry periods as the expected portfolio cost drops to $8.6 million, but there is greater variability in portfolio cost as described by the CVAR values. The CVAR-to-portfolio cost metric rises from 1.06 in strategy B to 1.29 in strategy C, which highlights how options act to reduce cost variability by limiting exposure to spot market volatility. Strategy D employs rights, options, and leases, just as in (C), but with a cost variability constraint which limits the CVAR to expected cost ratio to less than 1.1, thereby demonstrating the tradeoff in cost that occurs as portfolio cost variability is restricted. Strategy C involves no variability constraints and a CVAR-to-expected cost ratio of 1.29, whereas strategy D, limited to a CVAR-to-expected cost ratio of 1.1, costs $600,000 more across the 10-year period. The efficacy of the CV method is tested on the ten-year model just as with the one-year model. The average optimized multi-year portfolio costs were evaluated both with and without the CV method using 125, 150, and 250 total realizations in both cases, with values generated using the CV method consuming 25 of these realizations in the pilot study ( Figure 6 ). Similarly to the one-year case, the ten-year optimization results demonstrate that the use of the CV method reduces the number of realizations required to reach a given solution by roughly 50%. However, one notable difference is that the 10-year model's average costs exhibit less noise than those of the one-year model, as a sum of ten years' costs tends to moderate the relative noise arising from extreme events observed in a single year.
The effectiveness of the CV method is not constant across the solution surface, which becomes apparent when the expected portfolio cost is mapped across a range of permanent rights and options holding α/β values constant (Figure 7 ). The application of the CV method over the domain considered yields variance reduction ranging from 0% to over 70%.
When surveying the landscape in Figure 7 , it is clear that application of the CV method significantly reduces variance across broad sections of the potential range of solutions.
Nonetheless, two areas of low variance reduction are observed. The first is when the city maintains a large volume of permanent rights well beyond (> 45,000 ac-ft) its average annual demand (~ 21,000 ac-ft), such that the city can reliably meet demand with few transfers. A low volume of transfers corresponds to little variability in expected portfolio costs, therefore the CV method's ability to reduce variance is low. Variance reduction is also low when the number of permanent rights and options is very low, a situation in which the city must rely largely on spot leases. While it seems paradoxical that regions involving both more and fewer transfers should both translate to low variance reduction, this region of heavy spot lease activity exhibits some of the greatest levels of noise, which largely arise from variability in the lease price. However, in the 10-year model the lease price variability is controlled for by the CV method only at t utilities.
Long-Term Option Contracts
At this point, results have revolved around static 10-year portfolios, in which the number of permanent rights and options purchased remain constant throughout, but given an annual 2% growth in demand, it may be possible to develop multi-year arrangements that accommodate this growth more effectively. To this end, several more creative long-term option contracts are investigated. Figure 8 details the expected portfolio compositions and costs over time of three scenarios involving three different long-term option contracts, with all scenarios based on strategy B (permanent rights and options). The first panel describes the year-by-year evolution of the portfolio described by strategy B (from Figure 5) , where the city has a long-term contract for a constant number of options. As one would expect, the average number of exercised options increases as demand increases. Alternatively, the second panel (B2) reflects a multi-year option contract in which the contract involves scaling the number of options purchased each year to correspond with demand growth according to [14] . This type of contract allows for fewer options to be purchased in the earlier years, and reduces the expected cost of the contract by 13%, or $378,000 over its life. The third panel (B3) structures the option purchase so that at the beginning of each year, the city either purchases a base number of options, or an enhanced number that is 30% greater than the base (roughly the same percentage increase as between years one and 10 of B2). The level of options purchased is decided by the state of the city's water supply entering the new year as measured by . The base volume of options is purchased if > 0.2, otherwise the city purchases the additional 30%, thus, the option purchase is responsive to the state of the city's water supply at the beginning of each year. The contract described in B3 results in a reduction of the contract's expected cost of 23% relative to the static case (B), and a total savings of $658,000. The contingent clauses described in strategies B1 and B2 should not be difficult to write into a long-term contract, and both provide the city with long-term security and greater flexibility.
The option contract in B2 is structured with the prediction of 2% annual growth in demand, however, if that growth in demand does not materialize, B3 is not committed to purchasing the enhanced quantity of options, providing additional flexibility that may be valuable. 450 455 460
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CONCLUSIONS
When using a Monte-Carlo based simulation, there is a trade-off between sample error and the investment of computational effort. When the simulation is combined with a search algorithm, this sample error, or "noise", hinders the optimization process. Given the complexity and size of the simulations currently being used in water resource modeling, the ability to manage this noise may often be beneficial. The control variate method exhibits an ability to reduce the noise of both the one-and ten-year models such that only half the number of realizations is required to match the accuracy and precision of the optimal portfolios produced without the CV method. Use of more efficient simulation-optimization methods has growing application in water resource planning. In this case, it is applied toward the development of multi-year water supply portfolios, an application that also allows for an investigation of several types of long-term option contract structures. These long-term contracts that are structured to meet the individual needs of the utility, through such things as accounting for expected growth in demand or year-by-year flexibility, also appear to show promise. As municipal demands grow, this approach to stochastic simulation and optimization of long-term water supply portfolios is likely to find further application. Figure 1a . Outcomes of a range of portfolio configurations, using 125 total realizations and no CV method. Figure 8. Expected option activity over 10 years, given (B) static option purchase, (B2) option purchases that grow with expected demand growth, and (B3) two levels of option purchases, dependent upon water supply conditions. 
